Abstract: Global warming is causing damaging changes to climate around the World. For environmental protection and natural resource scarcity, alternative forms of energy, such as wind energy, fire energy, hydropower energy, geothermal energy, solar energy, biomass energy, ocean power and natural gas, are gaining attention as means of meeting global energy demands. Due to Japan's nuclear plant disaster in March 2011, people are demanding a good alternative energy resource, which not only produces zero or little air pollutants and greenhouse gases, but also with a high safety level to protect the World. Solar energy, which depends on an infinite resource, the sun, is one of the most promising renewable energy sources from the perspective of environmental sustainability. Currently, the manufacturing cost of solar cells is still very high, and the power conversion efficiency is low. Therefore, photovoltaics (PV) firms must continue to invest in research and development, commit to product differentiation, achieve economies of scale, and consider the possibility of vertical integration, in order to strengthen their competitiveness and to acquire the maximum benefit from the PV market. This research proposes a performance evaluation model by integrating analytic hierarchy process (AHP) and data envelopment analysis (DEA) to assess the current business performance of PV firms. AHP is applied to
Introduction
The depletion of fossil fuels and the increasing consciousness about environmental degradation have led to the use of renewable energy resources in the 21st century. In December 2009, world leaders met at the United Nations Climate Change Conference (COP15) in Copenhagen to tackle with the issue of CO 2 reduction for stopping global warming before it causes irreversible damage [1] . Intense debate was centered on the challenge of reducing CO 2 emissions in each country without limiting economic growth and the ability to make life better for the citizens [2] . One of the consensuses was that renewable energy is the key to CO 2 reduction now and in the future. The main advantages of renewable energy are the reduction of harmful emissions and the conversion of infinite availability of renewable resources into electricity [3] . After Japan's Fukushima nuclear plant disaster in March 2011, people are having doubt about the safety of nuclear plants, and many countries are closing or planning to close their nuclear plants. Therefore, safety is another big concern for selecting an alternative energy source. Despite the global economic recession that has not fully recovered yet and that is bound to have an impact on the demand for clean energy, many developed and developing countries have recognized that the development of safe renewable energy sources is necessary for the environment as well as the economy [4] .
While environmental friendly renewable energy sources like hydraulic, wind, ocean and solar energy have received increasing attention as alternative means of meeting global energy demands, the rapid development in photovoltaic (PV) technology has made it the most promising alternative to conventional energy systems in recent years [5] . It is the strongest-growing renewable energy technology, with recent annual growth rates of around 40% [6] . Despite the difficult worldwide economic conditions between 2008 and 2009, there was still a relatively flat growth of the PV market, with an estimate of total PV capacity installed worldwide during 2009 of a little over 7 GW [7] . In 2010, an estimated 17 GW of capacity was added worldwide, and the global cumulative installed capacity was about 40 GW, which is more than seven times the capacity five years earlier [8] . Nevertheless, solar PV only accounted for 0.1% of worldwide electricity generation in 2009 [9] . PV's share in global electricity generation was expected to pass 1% around 2030 [10] . The PV market has a tremendous growing potential, and it is driven by falling costs, new applications, strong investor interest, and continued strong policy support [8] . The major challenge for larger deployment of PV technologies is the high electricity generating cost. Whether PV can represent a significant portion of future electricity supply will depend critically on future technological learning aimed at reducing generating costs, which must be lowered sufficiently to be competitive with other generation technologies [6] . In fact, PV power, including both crystalline and thin film technologies, is not expected to be competitive before 2020 [6, 11] . Therefore, PV firms not only need to be competitive in the PV market, they also need to survive in the entire renewable energy market.
Taiwan's PV industry can achieve a strong position easily because of the large global demand from renewable energy and the technical advantages obtained from the semiconductor/TFT-LCD industries. However, currently PV products suffer a large difficulty in high production cost with low PV conversion efficiency. Hence, firms today need to stress on effective R&D to improve product quality and to achieve economic scale for cost effectiveness. Even though there were some works on the PV industry in Taiwan, most studies have focused on the industrial analysis of the entire PV industry in a qualitative way. While there were few works that did study the performance of individual PV firms, those studies were still rather rough and did not evaluate the performance of the firms comprehensively and justifiably.
This research aims to develop a systemic model to help evaluate the performance of firms in a sector in the PV supply chain. The performance evaluation model is constructed using methodologies including analytic hierarchy process (AHP) and data envelopment analysis (DEA). Conventional DEA allows each alternative to specify its own weights of inputs and outputs so as to obtain its maximum efficiency score [12] . Thus, a firm may be 100% efficient even if it performs best in one input (output) and performs inferior in other inputs (outputs). However, experts often have subjective opinions on the importance of various inputs and outputs, and a good methodology should be able to incorporate these assigned weights. AHP can fulfill this task by incorporating the experts' opinions to calculate the priorities of the inputs and outputs. Therefore, an AHP/DEA model is proposed in this research. Based on the analysis results, a strategic recommendation can be devised for firms to achieve an exponential growth in this emerging renewable energy market, and it can be a decision-making basis for continuous improvement of the firms. The rest of this paper is organized as follows: in Section 2, AHP and DEA are introduced, and the works based on these methodologies are reviewed. Section 3 proposes an AHP/DEA model for performance evaluation. The model is applied to a case study of the PV industry in Taiwan in Section 4. Some conclusion remarks are made in the last section.
DEA and AHP
AHP is a mathematically-based multi-criteria decision making (MCDM) tool introduced by Saaty [13] back to the early 1970s in response to the scarce resources allocation and planning needs for the military. It is popular in the academic field for data analysis and model verifications, and in real practice for providing critical information for decision making. AHP has been widely employed in decision-making analysis in political, social, economic and management sciences, etc. AHP has both qualitative and quantitative attributes [14] . It decomposes an unstructured problem into a systematic decision hierarchy qualitatively, and it then uses a quantitative way to employ pairwise comparison to determine the local and global priority weights of the alternatives [15] .
DEA was first introduced in 1978 by Charnes, Cooper and Rhodes, and was applied to investigate not-for-profit organizations whose success cannot be measured by a single measure, such as profit [16] . A relative efficiency score of decision making unit (DMU) can be obtained under multiple inputs and outputs, and the DMUs that locate on the frontier, the envelopment, are considered to be the most efficient [17] . Although there are limitations to DEA, different models of DEA have been developed for various applications in the past three decades. Two models of DEA are often adopted in research, namely, CCR and BCC. CCR, introduced by Charnes, Cooper and Rhodes, generates efficiency in ratio form by obtaining directly from the data without requiring a priori specification of weights nor assuming functional forms of relations between inputs and outputs [16] . One disadvantage of CCR model is that it is limited to constant returns to scale (CRS). That is, a doubling of all inputs leads to a doubling of all outputs. Under the assumption of CRS, the efficiency results obtained from input-oriented CCR and output-oriented CCR are identical. Banker, Charnes and Cooper [18] further extended the CCR model into variable returns to scale (VRS), and the model is called BCC. VRS occurs when a doubling of all inputs leads to either a more than doubling of all outputs or a less than a doubling of all outputs.
Even though DEA is usually undertaken with absolute numerical data, there are works that have used ratio variables rather than absolute numbers. Some scholars have claimed that DEA should not be applied on ratio variables [19] , but others have asserted that CCR should not be used but instead BCC can be applied when input and/or output include a ratio variable [20] . Some recent works that include ratio variables in the DEA analysis are reviewed here. Wang et al. [21] studied the performance of banks in China and used two output ratios: return on total assets (ROA) and return on equity (ROE). Sakar [22] studied commercial banks in Turkey and chose net interest revenue to asset, net interest revenue to operating revenue, non-interest revenue to asset, ROA, and ROE as outputs. Siriopoulos and Tziogkidis [23] selected five financial ratios which are widely used by practitioners and researchers in banking efficiency, namely, ROE, financial independence ratio (FIR), gross operating margin (GOM), asset turnover ratio (ATR), service concentration index (SCI) for the output variables, and CRS is assumed in applying the DEA. Avkiran [24] studied the performance of banks and concluded that when a model comprises of key financial ratios DEA can be used to objectively identify benchmarks for ratio analysis based on actual observed data collected from peers. Shetty et al. [25] proposed a non-oriented, non-radial directional distance model, which measures worst relative efficiency within the range of zero to one, and assessed bankruptcy of information technology companies in India based on ten financial ratios, among which three are input variables and seven are output variables. Because the case study in this paper includes one ratio variable, BCC is applied in the analysis.
No methodology is perfect, and both AHP and DEA have their own drawbacks [17, 26] . The most common mentioned problem of AHP is that too many pairwise comparisons are required to be done by experts. DEA has a drawback in the Pareto principle. That is, when almost every decision maker or most other MCDM methods may prefer one solution, DEA can consider two DMUs be both perfectly efficient [27] . In addition, a conventional DEA may produce too many and even an infinite number of optimal solutions [28] . As stated before, DEA allows each alternative to specify its own weights of inputs and outputs so as to obtain its maximum efficiency score [12] . Since experts may have subjective opinions on the importance of the inputs and outputs, a good performance evaluation methodology should be able to take this into consideration. As a result, many modified AHP and DEA have been proposed.
Although both AHP and DEA are commonly used in research and in practice, only limited literature has attempted to link AHP and DEA until recent years. Sinuany-Stern et al. [27] proposed an AHP/DEA methodology for ranking DMUs using a two-stage model. In the first stage, DEA was run for each pair of DMUs separately and pairwise evaluation matrix was generated. In the second stage, AHP was applied to rank the DMUs. Cai and Wu [29] applied AHP to calculate the weights of basic indices. After the performances of enterprises under the basic indices are aggregated into various synthetic abilities, DEA was used to evaluate the performance of the firms. Yoo [30] evaluated total quality management activities in Korean companies by a combination of the AHP and the DEA methodologies. AHP was adopted to quantify the weights of success factors for TQM and to generate the input and output data, and DEA was then applied to evaluate the efficiency of TQM activities in various firms. Liu and Hai [31] presented a voting AHP method to determine the weights of criteria not by pairwise comparisons but by voting. The votes each criterion received in different ranking places were aggregated into an overall score of each criterion by the DEA method, and the overall scores were then normalized as the relative weights of the criteria. Ramanathan [32] proposed a data envelopment analytic hierarchy process (DEAHP) approach. DEA was used to derive weights from the pairwise judgment matrices of AHP and to aggregate local weights of alternatives in terms of different criteria in AHP. Ertay et al. [12] adopted AHP to collect qualitative data, and then used DEA to solve the layout design problem by considering the quantitative and qualitative data simultaneously. Korpela et al. [33] used AHP to calculate the importance weights of the outputs and the performance of warehouses under each output, and then used DEA to combine the performance information of inputs and outputs. Wang et al. [34] applied AHP to determine the weights of criteria, DEA to generate local risk scores of bridge structures, and simple additive weighting (SAW) method to aggregate bridge risks for each bridge structure. Wang et al. [35] proposed a linear programming method for generating the most favorable weights (LP-GFW) from pairwise comparison matrices. The variable weight concept of DEA is incorporated with the priority scheme of AHP to generate the most favorable weights for the criteria and alternatives based on crisp pairwise comparison matrices. Wang and Chin [36] further proposed two DEA models for priority determination in AHP. The best local priorities from a pairwise comparison matrix or a group of pairwise comparison matrices could be derived no matter the martices are perfectly consistent or inconsistent. Sueyoshi et al. [37] constructed a decision support framework for internal audit prioritization in a rental car company with the adoption of AHP and DEA. AHP was used to process qualitative information, while DEA was used to measure quantitative data. The AHP and DEA results were further combined in a matrix for manager inputs and efficiency analysis. Lozano and Villa [38] proposed two target-setting DEA approaches: an interactive multi-objective method and a lexicographic multi-objective approach. Both approaches used AHP to calculate the local relative priorities of the inputs and outputs. Tseng et al. [39] constructed a model for measuring business performance in the high-tech manufacturing by adopting DEA, AHP and technique for order preference by similarity to ideal solution (TOPSIS). AHP was applied first to calculate the weights of performance indicators, DEA was used to evaluate cost efficiency, and TOPSIS was adopted to obtain the final ranking results. Kang and Lee [17] constructed a supplier performance evaluation model based on AHP and DEA. DEA was applied first to evaluate quantitative factors, and the results were then transformed into pairwise comparison values for AHP analysis. AHP was applied to evaluate qualitative factors. Ramanathan and Ramanathan [40] proposed a qualitative DEAHP model, in which both qualitative and quantitative factors could be used to derive weights from pairwise comparison matrices by treating judgments as qualitative factors.
As stated before, under the conventional DEA, the weights given to inputs and outputs are chosen in a manner that assigns a best set of weights to each DMU, meaning that the resulting efficiency score is maximized for each DMU under the given data. However, if prior knowledge or accepted views exist for the weights of the inputs or outputs, the weight flexibility leads to produce unrealistic efficiency scores [41] . Restrictions then need to be placed on weights in DEA to reflect the preference in a real world [42] . The most common method is the assurance regions (AR) model, and AR is to impose restrictions on the upper bound and lower bound of a ratio of the weights of two variables [43] . Takamura and Tone [44] did a comparative site evaluation study for relocating Japanese government agencies out of Tokyo based on a combination of the AHP and the AR model of DEA. Sun [45] applied pairwise comparison to collect individual expert's judgments on the importance of each output, and the results from the AHP analysis are then used for setting the upper and lower bounds of the ARs of the weights of the outputs for the DEA analysis. Wang et al. [46] proposed a DEA/AR model, in which DEA model was incorporated with AR for weight generation in AHP. Lee et al. [42] evaluated the performance of national R&D programs with heterogeneous objectives using a DEA approach, and either the geometric mean or the AR for weights restriction could be obtained from pairwise comparisons of multiple experts to determine the priorities of variables.
It would be inappropriate to use DEA if too little DMUs are examined. To overcome this issue and to apply AR concurrently, this research treats each firm in each year as a DMU. This methodology has been applied in previous works. For example, Siriopoulos and Tziogkidis [23] evaluated the efficiency of Greek commercial banks through the period 1995-2003 using the DEA technique, and each bank for each year is considered as a different DMU. Chang [47] investigated technology development programs (TDP) performance over the period from 1999 to 2003 using CCR and BCC. TDPs were divided into five fields, and five years were studied; thus, the research evaluated a total of 25 DMUs. Lee and Pai [48] measured the business performance of 10 thin film transistor-liquid crystal display (TFT-LCD) manufacturers from 2002 to 2007. The data of a company in a single year is treated as a DMU, so that the benchmarking would be other nine companies within six years as well as the operation of the company in other years.
The Proposed AHP/DEA Model
The integrated AHP and DEA model for evaluating the firms in the PV industry is described as follows:
Step 1: Define the performance evaluation problem for PV firms. A committee of experts in the field is formed to define the problem and to determine the key competitive factors firms need to possess in the market.
Step 2: Select the factors for evaluating PV firms. Literature reviews are done first to list the factors that have been used in the past, and experts are asked to select the most important ones for business performance. The factors that are preferably minimized are treated as inputs, and those that are preferably maximized are outputs, as defined by DEA.
Step 3: Collect the data of the PV firms. The company data for the factors are collected from financial reports and websites of the firms or other resources. If one or more factors have a very close relationship with another factor, it is possible to select one factor to represent others in the DEA analysis. Correlation analysis is performed on all the quantitative inputs and outputs selected, and some factors might be deleted. 
The maximum eigenvalue and the eigenvector are calculated to estimate the relative weights of the inputs with the following formula, where w c is the eigenvector, the weight vector, of 
The consistency property of the matrix is checked by the consistency index (CI) and consistency ratio (CR) [13] :
where RI is random index, the average random consistency index from a large sample of randomly generated reciprocal matrices using the scale 1/9, 1/8, …, 1, …, 8, 9 [13] . As calculated by Saaty [13] , the order of the matrix and the average RI are as shown in Table 1 . If CR is less than 0.1, the consistency test is passed. Otherwise, the experts would need to revise the original values in the pairwise comparison matrix. After the priorities of the inputs are calculated for each expert, the maximum and the minimum values for each input from all the experts are selected. The lower bound and upper bound of the ratio of every two inputs is calculated as the AR. The ARs of the outputs can be calculated in the same way. Step 5: Calculate business performance of the PV firms. A modified DEA model is constructed to consider the importance of various factors in analyzing the performance of the firms in a period of time. The outcomes from Step 4 are used in the modified DEA model, and the overall performance of the firms can be generated. The DEA/AR model for measuring the AR efficiency of a selected DMUr is as follows [28, 49, 50] :
where E r is the relative efficiency of the rth DMU taking into account the minimum and maximum influence that each factor can have on E r , X ij is the amount of jth input (j = 1,…,s) of the ith DMU, Y ik is the amount of the kth output (k = 1,…,t) of the ith DMU, v j and u k are the weights of the jth input and the kth output respectively, and  is a small non-Archimedean number. Set the relative importance elicited from the experts range from L Op to U Op for output p and from L Oq to U Oq for output q, and from L Ip to U Ip for input p and from L Iq to U Iq for input q. The associated constraints are as following:
With the above model, the efficiencies of the PV firms can be calculated.
A Case Study of the PV Industry in Taiwan
A case study of the performance of crystalline silicon solar firms in Taiwan is carried out using the proposed model. Because of the success of the semiconductor industry and TFT-LCD industry over the past decade, Taiwan has a concrete background and foundation for developing a PV industry, which requires very similar technology and is a less complex process than semiconductor/TFT-LCD manufacturing. Taiwan's PV industry can achieve a strong position because of the increasing global demand from renewable energy and the technical advantages obtained from the semiconductor/ TFT-LCD industries. However, PV products suffer a large difficulty in high production cost with low conversion efficiency at present. A good evaluation of the firms in the PV industry and an understanding of a firm's position in the market are important for the firm to improve its competitiveness in the market.
Through literature review of performance evaluation and interview with experts in the industry, we listed important factors. With the consideration of information accessibility from the firms under study, we selected five inputs and three outputs. The five inputs are: selling expenses (I1), general and administrative expenses (I2), fixed assets (I3), research and development expenses (I4), and cost of goods sold (I5). The three outputs are sales revenue (O1), income before income taxes (O2), and earnings per share (O3). Theses inputs and outputs are defined in Table 2 . Note that due to limited information availability of the firms in an industry, the inputs and outputs may need to be changed so that all firms can be compared justifiably. Table 2 . Definitions of inputs and outputs.
Input/Output Definition
Selling expenses (I1) Costs incurred to sell or distribute products. They are operating expenses incurred in a period. Some examples include advertising expense, salesperson commission, delivery expense, etc.
General and administrative expenses (I2)
Expenditures related to the day-to-day operations of a business. They are operating expenses incurred in a period. Some examples include managerial salaries, depreciation, insurance, rent and utilities, etc.
Fixed assets (I3)
Also called property, plant, and equipment. They are acquired for use in the operation of the business and have physical substances with useful lives of more than one year. Some examples are land, building, machinery and auto, etc.
Research and development expenses (I4)
Expenditures incurred to discover new knowledge and to develop the knowledge into a design for a new product. They are usually expensed as incurred in a period.
Cost of goods sold (I5)
Inventory costs of the goods a company has sold during a period. Costs of goods manufactured by the company include raw material, direct labor and overhead expenses. The costs of the goods that are sold are called cost of goods sold (COGS), and the cost of the goods not yet sold are called inventory.
Sales revenue (O1)
Income received from selling products over a period of time.
Income before income taxes (O2)
Net income is the difference between a company's total sales revenues and total expenses (including cost of goods sold, selling expenses, general and administrative expenses, research and development expenses) for a period of time. Income before income taxes is pretax income, which is the amount a company earned before taking taxes into account.
Earnings per share (O3)
The amount of earnings per outstanding share of a company's common stock. Earnings per share (EPS) serves as an indicator of a company's profitability.
In this study, a DMU is a company in a year, and the performance of the company in that year is evaluated with other DMUs. Six major firms in the market are studied for a period of five years. To keep anonymousness, they are identified as A, B, C, D, E and F. However, some of the data for firm C, D, E and F for the first year is missing and cannot be obtained. Therefore, only the last four years are included for the analysis. The data is as shown in Table 3 . For example, DMU A1 indicates firm A in year 1, and the performance indicators include five inputs (I1 to I5) and three outputs (O1 to O3).
DEA Using BCC-I
The case study is first performed by DEA using the input-oriented BCC (BCC-I) model. The results are shown in Table 4 . Among the 26 DMUs, 19 of them are efficient with a value of 1, and they are all ranked number one. In addition, only seven DMUs are not efficient. Firm A was efficient for all the five years. Firm B was efficient for the first four years but not efficient for the last year. In the fifth year, Firm B has a score of 0.913, and the reference for DMU B5 is B2. Firm C was not efficient in the second year, with a score of 0.945; however, it became efficient for the next three years. Firm D was efficient for all the four years studied. Firm E was efficient for year 2 to 4, but it became inefficient in year 5, with a score of 0.828. Firm F did not perform well in compared with other firms. Its scores were decreasing for the four years of study. The reference set for each inefficient DMU can be found in Table 4 . To illustrate this, DMU C2 has a reference set of DMU A1. That is, by compared with DMU A1, an efficient DMU, DMU C2 is relatively inefficient, with a score of 0.945. For an efficient DMU, the reference set is the DMU itself. Because most of the DMUs are efficient, further analysis is necessary. With a larger number of inputs and outputs, there may be too many DMUs that are assessed to be efficient. Therefore, a correlation analysis of the factors is done to check if there is any factor that has a high correlation with other factors. The requirement for a lower correlation among factors aims to exclude inputs or outputs which are close to perfect substitutes or perfect complements. As a result, a factor that has high correlation with other factor(s) can be deleted as a result. The correlation coefficients of the input and output factors are shown in Table 5 . The correlation coefficient between cost of goods sold (I5) and sales revenue (O1) is very high with 0.991. Selling expenses (I1) and general and administrative expenses (I2) are also highly correlated, with correlation coefficient of 0.906. Because sales revenue (O1) is generally higher than cost of goods sold (I5), sales revenue (O1) is selected to represent the other factor. In addition, because general and administrative expenses (I2) is basically higher than selling expenses (I1), general and administrative expenses (I2) is selected. Thus, selling expenses (I1) and/or cost of goods sold (I5) can be deleted, and the evaluation is performed again. After deleting selling expenses (I1), cost of goods sold (I5), and both I1 and I5, DEA is performed again, and the results are shown in Table 6 . Compared to 19 efficient DMUs in the original analysis, there are 18, 19 and 17 efficient DMUs when selling expenses (I1), cost of goods sold (I5), and both I1 and I5, are removed from the analysis, respectively. Even though less DMUs are found efficient now, there are still more than half of the DMUs that are efficient. In addition, experts may think that some factors are more important than others. Thus, different weights may need to be assigned to different factors. This cannot be done by the conventional DEA, and our proposed model can then solve the problem. Table 6 . Results for BCC-I after deleting factor(s). 
Efficiency value
Reference set 
AHP/DEA Model
The proposed AHP/DEA model is applied to the case study. The AHP is applied to set the ARs for the factors first, and the DEA/AR is used next to calculate the efficiencies of the DMUs. Five experts in the PV industry contributed their professional experience to fill out a questionnaire to pairwise compare the importance of the factors. The question, "which input should be emphasized more in determining the performance of the firms, and how much more?" was asked, and a nine-point scale was used to do the pairwise comparison. The pairwise comparison results for the first expert are shown in Table 7 . Based on the results, a comparison matrix for the inputs by the first expert can be prepared, as shown in Table 8 . 
The eigenvector shows the priorities of the five inputs. In the opinion of the first expert, research and development expenses (I4), with a weight of 0.38955, is the most important input in determining the performance of the firms, followed by cost of goods sold (I5), with a weight of 0.28955. To check the consistency of this combination of values in the matrix, the consistency test is performed:
Since CR is less than 0.1, the comparison matrix is consistent. If the consistency test fails, the expert is required to fill out the specific part of the questionnaire again until a consensus is met. The same procedure is carried out to calculate the priorities of the outputs determined by expert 1 and the priorities of the inputs and of the outputs for the other four experts. The results are shown in Tables 9  and 10 . For selling expenses (I1), the minimum priority and the maximum priority among all experts are 0.06425 and 0.19353, respectively. For general and administrative expenses (I2), the minimum priority and the maximum priority among all experts are 0.07198 and 0.12914, respectively. Let the weight for input I1 to input I5 be v I1 ,…, v I5 respectively, and the weight for output O1 to output O3 be u O1 ,…, u O3 respectively. The ratio v I1 /v I2 has a lower bound of 0.49752 (0.06425/0.12914) and an upper bound of 2.6887 (0.19353/0.07198). In the same way, the AR for each pair of inputs and each pair of outputs can be calculated, as shown in Tables 11 and 12.   Table 11 . Assurance ranges (AR) for inputs. Using the ARs from Tables 11 and 12 , the DEA/AR model in Step 5 is adopted to calculate the efficiencies of the DMUs, and the results are shown in Table 13 . With the consideration of the experts' opinions on the importance of the inputs and outputs, the analysis shows that eight out of 26 DMUs are efficient, and the number of efficient DMUs is decreased substantially compared to the results from the conventional DEA in Section 4.1. In Section 4.1, the number of efficient DMUs is 19 when all factors are included in the analysis. The numbers are 18, 19 and 17 when selling expenses (I1), cost of goods sold (I5), and both I1 and I5 are removed from the analysis, respectively. Therefore, by using the AHP/DEA model, the number of efficient DMUs can be reduced, and experts' opinions can be considered to select the most efficient DMUs. Firm A performed relatively well in compared with other firms over the years. However, it was efficient for the first two years and became inefficient for the next three years. Fortunately, its performance improved in the fifth year. The performance of firm B was deteriorating tremendously during the five years. In fact, Firm C, D and E all performed terribly in the fifth year. The reason is basically due to the global economic downturn in that year. To summarize, the DEA/AR model can obtain the most efficient DMUs with the consideration of experts' opinions on the importance of the factors. Table 13 also shows the potential improvements of the inefficient DMUs. For example, to become efficient, DMU A5 should refer to DMU B2, B3 and C4, and should decrease its selling expenses (I1) by 28.03%, increase general and administrative expenses (I2) by 4.24%, increase fixed assets (I3) by 21.66, increase research and development expenses (I4) by 14.89%, and decrease cost of goods sold (I5) by 18.60%. In addition, it needs to decrease its sales revenue (O1) by 0.14%, increase income before income taxes (O2) by 0.11%, and increase earnings per share (O3) by 0.11%. Also note that it may be very difficult for an inefficient DMU to become efficient when its improvement level is over 100%. However, the company can use the potential improvements reported in Table 13 to identify the directions for improving its efficiency. For example, DMU B5 is very inefficient with a score of only 0.0402. In order to be efficient, the firm needs to increase its sales revenue (O1) by 1156.15%, which is simply impossible for a firm to achieve in a short time. However, the firm can improve its performance by decreasing selling expenses (I1), general and administrative expenses (I2), fixed assets (I3), research and development expenses (I4), cost of goods sold (I5), and earnings per share (O3), while increasing sales revenue (O1) and income before income taxes (O2). 
Conclusions
With natural resource scarcity and environmental protection, solar energy represents a promise of clean and plentiful energy. Even though the PV market faces a rather volatile market cycle in response to the global economic condition, it still has a tremendous growth potential, and the firms that have a solid foundation in the aspects such as technology and finance can survive and lead the market in the future. Therefore, a good performance evaluation of firms is essential for judging the success or failure of a business. While there are abundant works on the analysis of various industries, including the PV industry, many of them are industry-based and qualitative-based. This research develops an AHP/DEA model to assist the evaluation of the performance of PV firms and empirically tests the applicability of the proposed model. The proposed model takes into account the opinions of experts about the importance of the factors by adopting AHP to set the ARs of the weights of the factors, and DEA is applied to evaluate the performance of the firms in different years. After the analysis is performed using the proposed model, the findings can help the firms determine their efficiencies in the market and provide directions for future improvements in business operations.
In the case study, research and development expenses and cost of goods sold are the most important input variables, as assessed by the experts. Such results are consistent with the current condition of the PV industry, i.e. high production cost with low PV conversion efficiency. Firms, in order to compete successfully in the industry, need to lower their production cost and must achieve R&D goals with limited expenses. Among the output variables, income before income taxes and earnings per share are the most important factors. This is basically true for all for-profit organizations. Firms need to make decent profit, and they definitely need to concern with the shareholders' welfare.
When adopting the conventional DEA, 19 out of 26 DMUs are found efficient in the case study. This is mainly due to the attribute and also a shortcoming of DEA that a DMU is efficient if it performs the best in at least one single input or output. Therefore, these efficient DMUs may not perform very well in other factors. However, in assessing whether a firm is successful or not, various factors must be considered simultaneously. Each factor should have a range of importance when calculating the overall performance of the firms. After incorporating the experts' opinions on the importance of the factors into the AHP/DEA analysis, the result shows that only 8 DMUs are efficient. Such an outcome is more reasonable in real practice.
In this study, we treat each firm in each year as a DMU. For future research directions, Malmquist index approach or window analysis may be incorporated with the AHP/DEA model to understand the performance trend of each firm. In addition, fuzzy set theory can be applied to the proposed model so that the ambiguity and uncertainty of experts' opinions can be considered.
